A chemotaxonomic analysis is described of a database containing various types of compounds from the Heliantheae tribe (Asteraceae) using Self-Organizing Maps (SOM). The numbers of occurrences of 9 chemical classes in different taxa of the tribe were used as variables. The study shows that SOM applied to chemical data can contribute to differentiate genera, subtribes, and groups of subtribes (subtribe branches), as well as to tribal and subtribal classifications of Heliantheae, exhibiting a high hit percentage comparable to that of an expert performance, and in agreement with the previous tribe classification proposed by Stuessy.
The classification of plants at several hierarchical levels has been a task explored by many botanists and chemists. If the classification of a taxon is natural, in the botanical sense of the term, the prediction in related species that have not been studied of the presence or absence of certain chemical compounds can be surmised. There are several classifications of plants at higher hierarchical levels based only on botanical data [1] [2] [3] [4] . However, several authors have discussed the classification of plants, mainly angiosperms, using chemical data of the species [5] [6] [7] . The methods for chemical classifications include generally either phenetics [7, 8] or phyletics, using either macromolecules [9] or secondary metabolites [10] . Generally, phenetic methods employ chemical characters involving "chemical indexes" computed specifically for each compound class [7, [11] [12] .
At lower hierarchical levels, the classification is more difficult and several misunderstandings between authors are frequently published for the large families of angiosperms, such as the Asteraceae [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . At tribal level, the problems of classification in Asteraceae become more complex as, for example, in the tribe Heliantheae, where the genera were grouped differently into subtribes by four authors [24] [25] [26] [27] . The aim of this study is to compare the chemical data with the Stuessy classification [25] for the tribe Heliantheae using and demonstrating how computer methods, such as artificial neural networks (ANN), can be used to classify plants with a similar performance to that of an expert utilizing traditional methods.
ANNs were introduced as a scientific tool in the middle of the last century and are now routinely used by industry and universities. Various software are now available [28, 29] and, for chemists, the book of Zupan and Gasteiger [30] is the principal text in the area. ANNs are defined as computational models having structures derived from the simplified concept of the brain in which a number of nodes, called neurons, are interconnected in a network-like structure. ANNs are robust and able to detect groupings and patterns that may be unclear even to a trained human expert. Since ANNs are not restricted to linear correlations and can also take into account non-linear data correlations, they can be efficiently applied for modeling, prediction and classification. The most used ANN architecture for pattern recognition and classification is the Self-Organizing Maps (SOM). This procedure can map multivariate data onto a two dimensional grid, grouping similar patterns near each other [30, 31] .
Kohonen called his ANN a "self-organizing network" [32] , which projects objects from a multidimensional space into a space of lower-dimensionality, usually in a 2D plane. In this projection, the similarity relationship between objects is conserved. Thus, in principle, Kohonen networks can be used for clustering of objects. So, SOMs accomplish two things, they reduce dimensions and display similarities, which make the SOM a powerful visualization tool. The training of these networks (Kohonen) is unsupervised, that is, the investigated property is not used during the training process. Each neuron in the grid is associated with a weight, and similar patterns stimulate neurons with similar weight, so that similar patterns are mapped near each other [32] .
In chemistry, there are several applications of ANNs [30] as, for example, in HPLC, reactivity, and classification of olive oils. Another very useful application is the prediction and classification of spectra, for example infrared [33] , mass [34] , and nuclear magnetic resonance [35] [36] [37] . In natural products chemistry there are a few works showing applications of ANNs, such as the classification of Asteraceae tribes [38] , the prediction of skeletal types [39] [40] [41] , the classification of Artemisia species [42] , the prediction of occurrences of chemical classes [43] , and the chemosystematic study of Asteraceae based on a dichotomic approach [44] .
The Asteraceae produces several chemical classes, mainly from the mevalonate pathway, such as monoterpenes, sesquiterpenes, sesquiterpene lactones, diterpenes, and triterpenes [45] [46] [47] [48] [49] , and compounds produced by other biosynthetic routes, such as, for example, coumarins, flavonoids, polyacetylenes, benzopyranes and benzofuranes [50] [51] [52] [53] [54] . Other compounds that are not found in most tribes of Asteraceae, such as pyrrolizidine alkaloids, are not included in this study. Figure 1 shows examples of the chemical classes used in this study. For the treatment of the Heliantheae tribe, Stuessy's classification was adopted because he published a complete list of genera, including their subtribes, and divided them into branches that could be inspected easily from a phenetic point of view ( Figure 2 ).
The Heliantheae sensu Stuessy is an assemblage of about 200 genera, divided into three main lines, as described in Figure 2 . The division is based on morphological data and chromosome numbers that represent the main genera in each line. The chemistry of Asteraceae has been extensively studied and an overview was published by Zdero & Bohlmann [52] . Reviews of specific compounds have also been reported, such as flavonoids [55] , chromenes [54] , sesquiterpene lactones [56, 57] and polyacetylenes [58] . Thousands of structures have been elucidated in the last four decades. Our data base at São Paulo University contains now about 36,000 occurrences of compounds isolated from Asteraceae, totaling 10,000 compounds.
The data were extracted directly from the chemical database obtained from our own system (SISTEMAT) [59] , which includes about 36,000 entries. The database arose through an extensive inspection of Chemical Abstracts from 1960 to 2004. A compound X can appear n times within a delimited taxon (TAX), such as genus, tribe, subtribe or family. We define number of occurrences for a superior taxon, counting how many times a compound appears in determined species belonging to that taxon.
From the overall database, we extracted all data concerning the occurrence of chemical classes for species of Heliantheae. The chemical classes are classified as MONO for monoterpenes, SESQ for sesquiterpenes, LACT for sesquiterpene lactones, DITE for diterpenes, TRIT for triterpenes, CUMA for coumarins, FLAV for flavonoids, BENZ for benzofuranes and POLI for polyacetylenes. One sample corresponds to one species in all data sets and the chemical classes are independent variables. The analyses were performed using the software MATLAB [29] and the package SOM Toolbox for Matlab [60] .
The training was conducted through the Batchtraining algorithm. In this, the whole dataset is presented to the network before any adjustment is made. In each training step, the dataset is partitioned according to the regions of the map weight vectors. After this, the weights are calculated, as stated by Equation. (1): where x j is data set partitioned according to the Voronoi regions of the map weight vector. The new weight vector is the average of the data samples, where the weight of each data sample is the neighborhood function value h ic (t) at its best match unit. Within this algorithm, the new weight vector is simple averages and there is no learning rate [32] . This feature allows missing values to be ignored by the net. The number of epochs is automatically chosen by the Toolbox, i.e., the neural network is trained until its convergence to minimal error. All SOMs were generated with the same topology: for the local lattice structure, the rectangular grid was used, while sheet was used to indicate the global map shape, using Gaussian neighborhood function.
The literature shows that the determination of the size of the SOMs is an empiric process [32] . Initially a heuristic formula of m=5.(n) 0.5 is used for total number of map units, where n is the number of samples. The ratio of side lengths is based on the two biggest eigenvalues of the covariance matrix of the given data. Some different maps sizes were prepared, based on the initial map, generated as described before.
SOM toolbox automatically labels the map based on the already labeled data. The label with most instances is added to the map unit. In the case of a draw, the first encountered label is used. A hit is a sample which has the same label as the map unit where it is located. Each map has been performed 10 cross-validation, splitting 10% of the data.
The initial test developed with the self-organizing maps tries to divide the branches of the subtribes proposed by Stuessy. In the first experiment, we tried to divide branches A (451 species) and B (159 species) according to Figure 2 . The Kohonen map (Figure 3) shows the clear separation between the two branches of subtribes. The performance of the set, including the cross validation results, is presented in Table 1 .
The same procedure was applied to branches B and C (153 species), and the separation map for both is shown in Figure 4 and the performance in Table 1 . Branch B contains only two subtribes and, although Fitchiinae is a small group, Coreopsidinae is a subtribe characterized by a higher production of polyacetylenes. The ANN could distinguish this fact and a good separation could be observed (Figure 4 ).
The third experiment shows an interesting aspect of Stuessy's division. The previous assumption was: if the three first branches are well defined from the chemical markers used as input data, the computer methods could discriminate also the three subtribes. For this purpose the species belonging to one subtribe of each branch were selected. The larger subtribes, Helianthinae, Coreopsidinae and Ambrosiinae, with 132, 159 and 94 species, respectively, were chosen for this study (set 3). The results are given in Table 2 and the Kohonen map is shown in Figure 5 . The separation of the three subtribes pertaining to the different branches could be obtained with good hit percentages, as well as the regions for the subtribes in the map being well characterized and distinguished. In the fourth experiment, we tried to classify the next two subtribes (data set 4), coming from the same branch, in this case branch A. The subtribes selected for this approach were the Helianthinae and Gaillardiinae (82 species). The results are shown in Figure 6 and Table 3 . From the obtained results, a high percentage hit was observed for the separation of the subtribes pertaining to the same branch. These results demonstrate the potential value of chemical data for taxon classification.
In the fifth experiment, and the last using the occurrence of the chemical classes, we tried to separate two genera classified in the same subtribe (Helianthinae), at the lowest hierarchical level employed in this study. The genera Helianthus (44 species) and Pappobolus (22 species) were chosen for this approach as they were considered good for this experiment due to the large number of species studied. The summary of results is displayed in Table  4 and the Kohonen map is given in Figure 7 . From the results, the high hit degree can be observed for the genera separation pertaining to the same subtribe. This fact could be proven with the two distinct regions observed in the Kohonen map.
In all the experiments above, the occurrence number of each chemical class was used for a collection of species. In order to demonstrate that chemical data and methods of ANNs, as Kohonen nets, could be used with another type of input, we repeated the separation of three main branches of subtribes using, as input, the total number of occurrences of each skeletal type found in the respective genera.
The sixth experiment was performed with a more powerful matrix of data that contains 763 species of Heliantheae, sensu Stuessy. The results are shown in Table 5 and the Kohonen map in Figure 8 .
From the hit percentages displayed in this last experiment using chemical characters by species, especially in branches A and B, as well as from the data employed in this approach were able to differentiate the Heliantheae's subtribes with a similar performance as an expert.
Classifications using chemical data are compromised by the incomplete and often, inconsistent chemical reports, but in this work classification was possible with the use of this taxonomic marker to separate the three branches, with an overall match of approximately of 80%. It was also possible to separate satisfactorily two subtribes (Helianthinae and Gaillardiinae) in the same branch A, and to separate two genera (Helianthus and Pappobolus) of subtribe Helianthinae. Therefore, secondary metabolites as taxonomic markers corroborate the Stuessy classification, which is based on morphological data and chromosome numbers at the low hierarchical level.
However, analyzing tables 1 and 5, it is noticed that the results regarding branch C are less significant; chemically branch B is more different than branches A and C. The results show that the occurrence data of secondary metabolites are useful to aid taxonomic classification, as well as to associate classifications using other taxonomic markers, such as morphological and/or macromolecular (DNA or RNA).
